Hopelessness is a complex phenomenon with important clinical consequences, such as depression and suicidality. Despite its major impact on mental health, little is known about the structure of hopelessness. In this study, hopelessness was investigated in a large community sample (n = 1985), recruited to be highly representative of general population in Germany. In the context of network analysis, state-of-the-art techniques were adopted (i) to investigate which thoughts and beliefs (nodes) are the most central ones and (ii) to shed light on the specific associations (edges) among them. Stability and accuracy were also checked to ensure trustworthiness of the findings. The analyses revealed that expecting more negative than positive future events and having important goals blocked along with feelings of giving-up were the most central elements of hopelessness. Moreover, being unable to imagine the future and perceiving it as vague and uncertain were both coupled with anticipating a dark future. Theoretical and clinical consequences of this study were discussed.
Introduction
Hopelessness is defined as the expectation that negative events will occur and/or positive events will not occur, along with the belief that the person can do nothing to change this gloomy scenario (Abramson et al. 1989 ). Such a negative attitude toward the future is often reported in major psychopathological conditions, namely depression and schizophrenia (Beck et al. 1993; Lysaker et al. 2004 ), but it is also present at clinical levels in the general population (i.e., ~ 10%; Haatainen et al. 2003b) . Furthermore, high levels of hopelessness have been concurrently and prospectively associated with clinical outcomes, such as depression (Mac Giollabhui et al. 2018; Marchetti et al. 2016a, b) and suicidality (Franklin et al. 2017) . In sum, hopelessness is a phenomenon that deserves great clinical and research attention.
Despite its importance, however, key aspects of hopelessness are still opaque. For instance, hopelessness is characterized by a variety of components, among which biased future thinking (i.e., reduced ability to generate positive future events; Roepke and Seligman 2016 ; "I can't see any future for myself or the rest of the human race", Ratcliffe 2015, p. 112) , helplessness (i.e., feelings of inability to bring about any significant change ; Seligman 1975 ; "I have a feeling of pointlessness and inevitability of outcome so feel powerless to make changes"; Ratcliffe 2015, p. 112) , and blocked goal-processing (i.e., beliefs that the pursue of meaningful goals is impeded along with feelings of giving-up; Hadley and MacLeod 2010; Melges and Bowlby 1969 , "I'll never get what I want and need-and, that is really horrible"; Crawford and Ellis 1989, p. 13) . In spite of this complexity, however, a thorough examination of the inner structure of hopelessness and the interaction among its constituent elements is still lacking.
Traditional theorizing and standard statistical approaches primarily view psychological phenomena as unobservable factors that generate observable indicators (i.e., latent factor approach). A key assumption of this approach is that indicators have no causal influence on each other, but they simply reflect the underlying latent factor (Schmittmann et al. 2013) . It follows that, within the latent factor approach, imagining a negative future, having no feelings of control, and expecting to miss important goals are not supposed to interact with one another, but they are considered as static manifestations of hopelessness. Hence, this view cannot fully capture and articulate the ongoing process among the different components of complex phenomena like hopelessness (Dalege et al. 2016; Schmittmann et al. 2013 ).
Alternative to the latent factor approach, a new way to conceptualize psychological phenomena has recently been proposed, namely network approach . According to this perspective, psychological constructs (i.e., hopelessness) do not necessarily stem from latent factors, but they may emerge from the mutual interactions among their observable indicators (i.e., questionnaire items; Briganti et al. 2018; Costantini and Perugini 2018; Dalege et al. 2016) . For example, the belief that one's own behavior does not bring about any positive consequence could lead the person to believe that his/her future is dark, which, in turn, could elicit feelings of giving-up. Over time, the reiteration of this (simplified) sequence of thoughts could facilitate the development of a densely connected network, where most of the beliefs reinforce one another and eventually lead to generalized hopelessness (i.e., Costantini and Perugini 2018; Dalege et al. 2016) .
In sum, network analysis approaches psychological constructs from a different perspective as compared to traditional models, in that it primarily focuses on the single elements of the construct (i.e., nodes) and how they relate to one another (i.e., edges), putatively in a causal fashion Dalege et al. 2016) . By doing so, such a perspective offers new opportunities to shed light on the structure and functioning of important psychological phenomena (Schmittmann et al. 2013 ). In particular, network analysis can help identify (i) which nodes are the most central in the structure of network (see below for more details) and (ii) which edges between nodes function as the main pathways of the network. For all these reasons, network analysis is highly valuable approach both for describing psychological constructs and generating testable hypotheses for further research Costantini and Perugini 2018) .
The main goal of this study is to preliminarily investigate the phenomenon of hopelessness by means of network analysis. To do so, I will closely examine the Beck Hopelessness Scale (BHS; Beck et al. 1974) , which is as well-established measure for hopelessness in adults and is routinely used for assessing this construct in both clinical and non-clinical samples (Beck et al. 1993; Haatainen et al. 2003a, b) . An appropriate network model on the BHS items will be estimated. Then, the strength index will be used to identify the most central nodes, while the predictability index will quantify how much each node is accounted for by the neighboring nodes. Finally, with the important aim to obtain reliable and trustworthy results, this study will be carried out in a large community sample (i.e., ~ 2000 individuals), specifically recruited to be highly representative of the general population in Germany (Krampen 1994) .
Method

Participants
The initial sample consisted of 2051 individuals. Given that the presence of missing data may alter the structure of the network , 66 individuals were excluded. The final sample consisted of 1985 individuals (46.15% males; age 45.2 ± 17.8 years old; range 18-90). Different age groups were included, ranging from young adults to elderly (18-25 = 12.7%; 25-40 = 33.5%; 41-64 = 35.2%; 65-90 = 18.6%) . Moreover, 51% of the individuals reported having either a full-time or part-time job, while 49% reported not having a paid job (6.6% students, 21.4% retired, 1.8% unemployed; 18.2% homemakers; 1% other).
Importantly, this sample was recruited to be highly representative of the general population with the purpose to standardize the German version of the BHS (Krampen 1994) . Recruitment was carried out in line with the German Market Research Institute and consisted of 420 sample points, stratified random sampling method, random route, and random choice of target persons in the household. Data are publicly available from the Leibniz Institute for Psychology Information (Krampen 2004 ).
Measure
Beck Hopelessness Scale (BHS; Beck et al. 1974)
The BHS consists of 20 statements, with 11 negatively worded items (i.e., "My future seems dark to me") and 9 positively worded items (i.e., "I look forward to the future with hope and enthusiasm"). Previous studies did not identify a stable factor structure for this instrument, with up to five factors being reported in the literature (Hanna et al. 2011; Kliem et al. 2018; Zhang et al. 2015) . Although the original BHS items were rated on dichotomous items ("true" and "false"), the German version of the instrument used a 6-point Likert scale, ranging from 1 ("strongly agree") to 6 ("strongly disagree"). Participants were required to evaluate their degree of agreement with each item. It is worth mentioning that the use of polytomous items for the BHS has been subsequently adopted in several studies (Iliceto and Fino 2015; Marshall et al. 1992; Steed 2001) . Also note that positive items were reversed and, for sake of clarity, all the items were recoded, in such a way that higher values indicate greater levels of hopelessness.
Statistical Analysis
First, mean, standard deviation, kurtosis, skewness, and polychoric correlations of all the BHS items were inspected. Further, the informativeness of each variables was evaluated by means of standard deviation (Mullarkey et al. 2018 ) and possible items redundancy was checked. In accordance with Jones (2018) , two items (i.e., "A" and "B") were deemed to measure the same phenomenon (i.e., redundancy), if the polychoric correlations between A with the rest of the items and B and the rest of the items were statistically different < 25% of the cases. The item redundancy test was carried out with the R package networktools 1.1.1 (Jones 2018) .
Second, an EBIC graphical LASSO network model with all the items was estimated, in line with current guidelines . In detail, the association between every pair of variables was computed with polychoric correlation, after controlling for all the other variables included in the network. Further, in order to shrink small correlations to exact zero, the least absolute shrinkage and selection operator (LASSO) was used and the related tuning parameter was chosen with the Extended Bayesian Information Criterion (EBIC). By doing so, all the non-zero correlations are conditionally dependent (i.e., not spuriously due to any other variable of the network) and the network is sparser and easier to interpret. When dealing with binary variables, an Ising model was estimated (van Borkulo et al. 2014) . Similarly to the EBIC graphical LASSO network estimation, the Ising model can be conceived as a series of pairwise associations between dichotomous variables, after controlling of all the other variables included in the network (for more details, see van Borkulo et al. 2014 ). In the context of network analysis, every variable is defined node and the link between two nodes is defined edge. Blue edges indicate positive associations, while red edges indicate negative ones. More saturated ad thicker edges signify stronger associations between two nodes. For the estimation and visualization of the network, the R-packages qgraph 1.5 and bootnet 1.0.1 were used (Epskamp et al. , 2012 .
Third, local network properties were evaluated with two metrics, such as strength and predictability, using the R-packages qgraph 1.5 and mgm 1.2-2 Haslbeck and Waldorp 2018) . Strength is defined as the sum of the absolute weights of the edge connecting the node to all the other nodes (Valente 2012) , while predictability quantifies how well a certain node is predicted by all its neighboring nodes (Haslbeck and Waldorp 2018) . Hence, the predictability index ranges from 0 to 1 and represents the amount of variance of certain node accounted for by all the related nodes.
Fourth, to ensure robustness of network models , accuracy and stability of the network model were investigated with a twofold approach: (a) centrality stability and bootstrapped difference test for the centrality index; (b) edge accuracy and bootstrapped difference test for edges. Strength was deemed stable if the correlation stability coefficient (i.e., CS-coefficient), was above 0.25, but preferentially above 0.5. Then, the difference between two strength indices was considered significant if 1000-bootstrap 95% non-parametric confidence intervals (CIs) did not contain zero. Similarly, edge accuracy was estimated with 95% bootstrap CIs, with larger CIs suggesting reduced precision in the estimation of the edges and narrower CIs implying a more trustworthy network. Significant differences among edges were estimated as CIs, with two edges being statistically different if zero was not included.
Results
Descriptive Statistics
Mean, standard deviation, skewness, kurtosis, and polychoric correlations of all the BHS items are reported in Tables S1 and S2 . Moreover, on average, individuals tended to disagree with statements related to hopelessness (i.e., below the midpoint of 3; M = 2.76 ± 0.39, t (19) = 2.72, p < .02).
Network Estimation and Local Network Properties
Preliminarily, item informativeness (i.e., standard deviation of the item) and item redundancy were checked. No item was found to be poorly informative (i.e., 2.5 SD below the mean level of informativeness, M SD = 1.29 ± 0.09) and no item was found to be redundant with any other item (i.e., < 25% of statistically different correlations). Hence all the items were included in the analyses.
The network of beliefs about hopelessness is shown in Fig. 1 . Several points are noteworthy. First, specific nodes were highly connected with the rest of the network, such as node #17 (i.e., "It's very unlikely that I will get any real satisfaction in the future") and #15 (i.e., "I [don't] have great faith in the future"), while others appeared to be somewhat marginal, such as node #5 (i.e., "I [don't] have enough time to accomplish the things I most want to do").
Second, the inspection of the local network structure revealed that two items had the highest centrality index and were statically more central than the other nodes, namely #19 (i.e., "I can [not] look forward to more good times than bad times", strength index = 1.20) and #16 (i.e., "I never get what I want, so it's foolish to want anything", strength index = 1.20) (Figs. 2, 3) . It is worth stressing that the strength index in this sample was particularly robust and trustworthy (CS-coefficient = 0.75), in that dropping up to 75% of the sample would lead to extremely similar results .
Third, the predictability index showed that on average about 36% of each node's variance could potentially be accounted for by the neighboring nodes (M predictability = 0. 36 ± 0.13). However, while node #5 was poorly explained (predictability = 0.10), node #16 was substantially accounted for (predictability = 0.56). It is worth stressing that, on average, the majority of variance (i.e., 64%) in the network was unexplained.
Fourth, in this sample strength and predictability were not In other words, the most central and, in turn, the most predictable nodes were likely to be the items with the lowest mean, such as node #16 (M = 2.23, "I never get what I want, so it's foolish to want anything"), node #17 (M = 2.26, "It's very unlikely that I will get any real satisfaction in the future"), and node #9 (M = 2.28, "I just can't get the breaks, and there' is no reason to believe I will in the future").
Accuracy and Edge Comparisons
The edge accuracy test suggested that the precision of the 190 edges was excellent (Fig. S1 ) and, consequently, the network model was deemed as accurate. The analysis revealed that the edges among node #16 (i.e., "I never get what I want, so it's foolish to want anything"), #17 (i.e., It's very unlikely that I will get any real satisfaction in the future"), and #20 (i.e., "There's no use in really trying to get something I want because I probably won't get it") were statistically different from the vast majority of the other edges. Similarly, the edges among node #4 (i.e., "I can't image what my life would be like in 10 years"), #7 (i.e., "My future seems dark to me"), and #18 (i.e., "The future seems vague and uncertain to me") were statically stronger than the majority of the network edges. Then, node #12 (i.e., "I don't expect to get what I really want") and #14 (i.e., "Things just won't work out the way I want them to") were among the strongest edges of the network. Finally, node #15 (i.e., "I [don't] have great faith in the future") and #19 (i.e., "I can [not] look forward to more good times than bad times") emerged as statistically different from most of the other edges (Fig. S2 ).
Covariating Age, Gender, and Employment Status
Previous evidence showed that age, gender, and employment status might influence hopelessness (Greene 1981; Haatainen et al. 2003a, b) . Hence, in line with Dalege et al. (2017) , the network model and the local structure indexes were re-estimated, after controlling for age, gender, and employment status. 
Estimating the Network on Dichotomized Items
In order to check the robustness of the presented results and make them informative for future studies using the original dichotomous BHS items (Beck et al. 1974) , the polytomous items were dichotomized by the midpoint (i.e., 3). Then, an Ising model with dichotomized items was estimated (Fig. S4) . 
Discussion
Hopelessness is a complex phenomenon that is reliably associated with important clinical outcomes, such as depression and suicidality. Despite its role in mental health, however, little known is about the structure of its constituent elements and how these components interact with one another. Complementing previous studies relying on the latent factor approach, network analysis was adopted to improve our understanding of this phenomenon. Several findings are worth commenting. First, the reported analysis revealed that individuals from the general population tend to view their future in a hopeful way rather than in a hopeless manner. This is in line with previous literature suggesting that, overall, individuals are characterized by significant levels of optimism (Fischer and Chalmers 2008; Peterson 2000) .
Second, network structure analysis showed that being certain that important goals will not be reached along with feelings of giving up on wanting (node #16) was one of the two most central items in the network. Interestingly, this node was strongly associated with the expectation that no real satisfaction will probably be obtained (node #17) and the feelings of stop trying to achieve the set goals (node #20). Node #16 was also substantially related to feelings of not having lucky opportunities (node #9). Although targeting the most central nodes does not necessarily lead to an effective change in the network , these findings suggest that a promising clinical strategy could be focusing on the individual's goals. In line with this, a recent review proposes that different types of goals may require substantially different types of clinical interventions in order to reduce hopelessness (Marchetti et al. 2018a) . Hence, when targeting the individual's motivational structure, caution is recommended.
Third, the other most central item of the network tapped on the belief that in the future there will be more negative than positive times (node #19), which was associated with lack of of faith and trust in the future (node #15) (NekandaTrepka et al. 1983) . Interestingly, node #19 was also linked with perceiving the future as vague and uncertain (node #18). Moreover, mirroring this association, perceiving the future as dark (node #7) was strictly related with the inability to imagine the future (node #4) and viewing it as vague and uncertain (node #18). Taken together, these findings suggest negative future expectations may be related to reduced capability to imagine specific and detailed future scenarios.
These pieces of evidence are of great interest, in that they could indicate a viable way to instill positive expectations about the future. Previous literature has shown that pessimism/hopelessness is strongly related to negative memory bias (Marchetti et al. 2018b ) and reduced capability to simulate one's own future is associated with diminished recall of specific personal memories (i.e., overgeneral autobiographical memory; Schacter et al. 2008; Williams et al. 1996) . Hence, it is possible to speculate that targeting biased memory processing could help improving future expectations. In line with this, preliminary evidence indicates the interventions targeting overgeneral autobiographical memory do lead to a significant reduction of hopelessness (Raes et al. 2009; Serrano et al. 2004) .
Fourth, the analysis also revealed that both node centrality and predictability were negatively related to item mean levels (Beard et al. 2016) . In other words, specific items may constitute the "backbones" of the hopelessness network, despite being less frequently agreed upon. In line with the network approach, this evidence underlines the need to focus not only on the mere intensity, but also on the specific role played by the each component of the network (Mullarkey et al. 2018) . Future studies could explore whether the relationship between centrality indexes and mean levels holds in the clinical population too, as previously reported (Beard et al. 2016) .
Finally, it is worth mentioning that, on average, only about 36% of node variance could be explained by the neighboring nodes (i.e., predictability) and this implies that the majority of variance (i.e., 64%) in the hopelessness components was not accounted for. In future studies, the focus could be broadened by including phenomena and mechanisms that are known to impact hopelessness, such as hope, cognitive style, loneliness, future orientation, overgeneral autobiographical memory, depressive symptoms, and suicidality (Abramson et al. 1989; Marchetti et al. 2018a; Snyder 2002 ).
This study is characterized by several strengths and limitations. First, the sample was large and highly representative of the general population, hence the reported findings are likely to be generalizable to the non-clinical population. Second, state-of-the-art network analyses were adopted to ensure the trustworthiness and replicability of the results. Third, the reported findings were stable, even after covariation of sociodemographic variables and items dichotomization. Fourth, by applying an innovative approach, this study proposed several testable hypotheses for future research.
Among the limitations of this study is possible to mention that, first, data were cross-sectional in nature; hence, no directionality among items could be derived. However, this study generated a number of empirically testable hypotheses that future studies should pursue (Costantini and Perugini 2018) . For instance, both ad-hoc manipulations and experience sampling studies could clarify the specific causal/temporal unfolding of the different components of hopelessness. Second, although being the current gold standard for measuring hopelessness, the BHS items are phrased in such a way that part of the causal flow is already present at intra-item level (i.e., "I might as well give up because I can't make things better for myself", underline added). Future studies could consider deconstructing such items in order to reach the optimal level of granularity for the network components (Borsboom 2017) . Third, given that this study was carried out in a community sample, the reported results cannot be extended to clinical samples. Future studies should complement these findings, by specifically investigating groups where hopelessness plays a major role, such as individuals with major depression, schizophrenia, or borderline personality disorder, etc.
In conclusion, by applying the network approach, this study represents an initial attempt to investigate the underlying structure of hopelessness. The analysis revealed that blocked goal-processing and negative expectations about the future are the most central nodes and, as such, potential loci of clinical interventions. This study also suggested that reducing the degree of vagueness and uncertainty of the anticipated future and increasing the imaginative skills about future events could be a viable way to reduce hopelessness and, eventually, improve mental health.
